ABSTRACT P-glycoprotein (P-gp) is an efflux transporter involved in limiting the oral bioavailability and tissue penetration of a variety of structurally divergent molecules. A better understanding of the structural requirements of modulators of P-gp function will aid in the design of therapeutic agents. Toward this goal, threedimensional quantitative structure-activity relationship (3D-QSAR) models were generated using in vitro data associated with inhibition of P-gp function. Several approaches were undertaken with multiple iterations, yielding Catalyst 3D-QSAR models being able to qualitatively rank-order and predict IC 50 values for P-gp inhibitors excluded from the model in question. The success of these validations suggests that a P-gp pharmacophore for 27 inhibitors of digoxin transport in Caco-2 cells consisted of four hydrophobes and one hydrogen bond acceptor. A second pharmacophore generated with 21 inhibitors of vinblastine binding to plasma membrane vesicles derived from CEM/VLB 100 cells contained three ring aromatic features and one hydrophobic feature. A third pharmacophore generated with 17 inhibitors of vinblastine accumulation in P-gp expressing LLC-PK1 cells contained four hydrophobes and one hydrogen bond acceptor. A final pharmacophore was generated for inhibition of calcein accumulation in P-gp expressing LLC-PK1 cells and found to contain two hydrophobes, a ring aromatic feature, and a hydrogen bond donor. The similarity of features for the pharmacophores of P-gp inhibitors of digoxin transport and vinblastine binding suggest some commonality in their binding sites. Utilization of such models may prove to be of value for prediction of molecules that may modulate one or more P-gp binding sites.
vinblastine binding to plasma membrane vesicles derived from CEM/VLB 100 cells contained three ring aromatic features and one hydrophobic feature. A third pharmacophore generated with 17 inhibitors of vinblastine accumulation in P-gp expressing LLC-PK1 cells contained four hydrophobes and one hydrogen bond acceptor. A final pharmacophore was generated for inhibition of calcein accumulation in P-gp expressing LLC-PK1 cells and found to contain two hydrophobes, a ring aromatic feature, and a hydrogen bond donor. The similarity of features for the pharmacophores of P-gp inhibitors of digoxin transport and vinblastine binding suggest some commonality in their binding sites. Utilization of such models may prove to be of value for prediction of molecules that may modulate one or more P-gp binding sites.
The ATP-binding cassette efflux transporter P-glycoprotein (P-gp) is a large membrane-bound protein initially noted to be present in certain malignant cells associated with the multidrug resistance (MDR) phenomenon (Wandell et al., 1999a) . However, P-gp is normally expressed at many physiological barriers, including the intestinal epithelium, canalicular domain of hepatocytes, brush border of proximal tubule cells, and capillary endothelial cells in the central nervous system (Wandell et al., 1999a) . Expression of P-gp in such locations results in reduced oral drug absorption and enhanced renal and biliary excretion of substrate drugs. Moreover, P-gp expression at the blood-brain barrier is a key factor in the limited central nervous system entry of many drugs. The expressed level of P-gp, as well as altered functional activity of the protein due to genetic variability in the MDR1 gene, seems to also impact the ability of this transporter to influence the disposition of drug substrates (Hoffmeyer et al., 2000) .
In terms of P-gp structure-activity relationship, photoaffinity experiments have been valuable in defining the cyclosporin binding site in hamster P-gp (Demeule et al., 1998) and indicating that trimethoxybenzoylyohimbine (TMBY) and verapamil bind to a single or overlapping sites in a human leukemic cell line (Shepard et al., 1998) . Additional studies have shown that TMBY is a competitive inhibitor of vinblastine binding to P-gp (Dantzig et al., 1996) . The P-gp modulator LY335979 has been shown to competitively block vinblastine binding (Dantzig et al., 1996) , whereas vinblastine itself can competitively inhibit verapamil stimulation of P-gp-ATPase (Shepard et al., 1998) . With the growth in knowledge derived from these and other studies using different probes and cell systems, it would be valuable to use structural information to define whether unrelated moleThis work was supported in part by United States Public Health Service grant GM31304 (to R.B.K.) and National Institutes of Health grant ES08658 (to E.S.).
cules are likely to interact with P-gp. Early studies using such P-gp modulators as verapamil, reserpine, 18-epireserpine, and TMBY showed that they could be aligned suggesting the importance of aromatic rings and a basic nitrogen atom in P-gp modulation (Pearce et al., 1989; Pearce et al., 1990) . A subsequent, more extensive study with 232 phenothiazines and structurally related compounds indicated that molecules with a carbonyl group that is part of an amide bond with a tertiary amine, were active P-gp inhibitors (Ramu and Ramu, 1992) . A model built with 21 molecules of various structural classes that modulate P-gp ATPase activity suggested that these molecules competed for a single binding site (Borgnia et al., 1996) . Similarly, 19 propafenone type P-gp inhibitors were then used to confirm the requirement for a carbonyl oxygen, suggested to form a hydrogen bond with P-gp (Chiba et al., 1996) . Others have used MUL-TICASE to determine important substructural features like CH 2 -CH 2 -N-CH 2 -CH 2 (Klopman et al., 1997) , and linear discriminant analysis with topological descriptors (Bakken and Jurs, 2000) . In 1997, the first 3D-QSAR analysis of phenothiazines and related drugs known to be P-gp inhibitors was described previously (Pajeva and Wiese, 1997) . This was followed by Hansch-type QSAR studies with propafenone analogs (Salem et al., 1998; Tmej et al., 1998) , CoMFA studies of phenothiazines and related drugs (Pajeva and Wiese, 1998a) , CoMFA studies of propafenone analogs (Pajeva and Wiese, 1998b) , and simple regression models of propafenone analogs Schmid et al., 1999) . These latter models confirmed the relevance of hydrogen bond acceptors and the basic nitrogen for inhibitors Schmid et al., 1999) and multiple hydrogen bond donors in substrates 2.5 to 4.6 Å apart (Seelig, 1998) . One study using a diverse array of inhibitors on P-gp ATPase activity noted that size of the molecular surface, polarizability, and hydrogen bonding had the largest impact on the ATPase activity (Osterberg and Norinder, 2000) . A number of computational approaches and models of P-gp have yielded useful information that is usually derived from a series of structurally related molecules. A recent example suggested P-gp inhibitors with high lipophilicity and polarizability were more likely to be high-affinity ligands for the verapamil-binding site (Neuhoff et al., 2000) . However, some complexity arises if one considers more structurally diverse molecules, because they may bind to different sites within P-gp. This hypothesis derives from experimental results describing a complex behavior for P-gp such that co-operative, competitive, and noncompetitive interactions between modulators may occur , indicative of multiple binding sites within P-gp (Dey et al., 1997; Scala et al., 1997; Shapiro and Ling, 1997) .
So far, a specific model(s) addressing the individual P-gp binding site(s) using a diverse array of inhibitors have not been described. Previously, we have used computational approaches to predict substrate and inhibitor interactions with specific cytochromes P450 (Ekins et al., 1999 (Ekins et al., , 2000 to produce 3D pharmacophores to aid in drug design from a metabolism perspective and assist in increasing the quality of potential drug candidates. Accordingly, the present study used a similar computational approach to model in vitro data derived from structurally diverse inhibitors of digoxin transport in Caco-2 cells, vinblastine and calcein accumulation in P-gp expressing LLC-PK1 (L-MDR1) cells, or vinblastine binding in vesicles derived from CEM/VLB 100 cells. The findings described in this report using different probes and cell systems representative of those commonly used serves as an initial step toward characterization and prediction of P-gpmediated drug transport both in vitro and in silico.
Experimental Procedures

Materials. [
3 H]Digoxin (15 Ci/mmol) was supplied by PerkinElmer Life Sciences (Boston, MA), calcein AM was from Molecular Probes (Eugene, OR), and all ergot alkaloids were from Sigma/RBI (Natick, MA). All other chemical and reagents, unless stated otherwise, were obtained from Sigma-Aldrich Research (St. Louis, MO) and were of the highest quality available.
Cell Lines. LLC-PK1 pig kidney epithelial cells and derivative cells containing human MDR1 (L-MDR1) were generously provided by Dr. Alfred Schinkel (The Netherlands Cancer Institute, Amsterdam, The Netherlands) and cultured as described previously (Schinkel et al., 1995) .
Transport in Caco-2 Cells. Cells were plated on Transwell (Costar, Cambridge, MA) filters and grown under identical conditions as described previously (Kim et al., 1998) . About 1 to 2 h before the start of the transport experiments, the medium in each compartment was replaced with a serum-free medium (OptiMEM; Invitrogen, Carlsbad, CA). Then, the medium in each compartment was replaced with 700 l of serum-free medium (OptiMEM), with [ 3 H]digoxin (5 M) in either the apical or the basal compartment. The amount of the drug appearing in the opposite compartment after 1, 2, 3, and 4 h was measured in 25-l aliquots taken from each compartment.
Inhibition of P-gp-mediated transport by Caco-2 cells was determined in a similar manner after the addition of the putative inhibitor to both the apical and basal compartments, and using 5 M [ 3 H]digoxin as the P-gp substrate. Complete inhibition of P-gp-mediated transport would be expected to result in the loss of the digoxin basal-to-apical (B3A) versus apical-to-basal (A3B) transport difference. Accordingly, percentage inhibition was estimated by this equation:
, where i and a are the percentages of digoxin transport in the presence and absence of the putative inhibitor, according to the direction of transport. Values estimated at each time point were averaged because digoxin transport seemed to be linear with respect to time. Controls for digoxin transport in the absence of any inhibitor (two wells per plate) were included on every plate (12 wells). IC 50 values were estimated from the Hill equation using the computer program Prism (GraphPad Software Inc., San Diego, CA), and the presented data represent results obtained from at least three preparations on different days.
Aliquots (25 l) of the compartmental buffer solution containing radiolabeled digoxin were analyzed by liquid scintillation counting (1219 Rackbeta LSC; LKB-Wallace, Gaithersburg MD), after the addition of 5 ml of ScintiVerse BD (Fisher Scientific, Fairlawn, NJ) scintillation fluid.
Plasma Membrane Preparation. Plasma membranes of CEM/ VLB 100 cells were prepared by nitrogen cavitation and differential centrifugation. A total of 1 to 3.5 ϫ 10 9 cells in logarithmic growth phase were centrifuged and washed as reported by Lever (1977) . The pellet was resuspended at ϳ3 ϫ 10 7 cells/ml in 0.2 mM CaCl 2, 0.25 M sucrose, 0.02 mM phenylmethylsulfonyl fluoride, and 0.01 M TrisHCl, pH 7.4. Cells were disrupted by nitrogen cavitation (Parr Instrument Co., Moline, IL) at 175 psi. After removal of nuclei and unbroken cells by centrifugation, 1 mM EDTA was added to the supernatant and centrifuged at 9000g for 20 min to remove mitochondria. The resulting supernatant was layered onto a 35% sucrose gradient and centrifuged at 16,000g for 1 h as described previously (Lever, 1977) . Membranes collected at the interface were subsequently pelleted at 100,000g for 1 h, resuspended in 0.20 M sucrose
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at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org and 0.05 M Tris-HCl, pH 7.4, passed through a 25-gauge needle, and stored up to 2 months at Ϫ70°C. Protein was determined with bicinchoninic acid and bovine serum albumin as the standard (Smith et al., 1985) . The orientation of the membrane vesicles was estimated to be 95% inside-out as determined by the activity of Na ϩ ,K ϩ -ATPase measured in sealed and unsealed lyophilized vesicles.
Equilibrium Binding. A rapid filtration method was used to determine equilibrium binding to plasma membranes. Routinely, CEM/VLB 100 plasma membranes (ϳ20 g of protein) were incubated in 200 l of total volume of 0.20 M sucrose, 3 mM ATP, 1 mM MgCl 2 , and 0.05 M Tris-HCl, pH 7.4 (buffer A) containing 0.1% bovine serum albumin and 40 nM [
3 H]vinblastine. The assay mixture was incubated at 25°C soaked overnight with 3% bovine serum albumin in 1-ml, 96-well polystyrene plates (Beckman Coulter, Fullerton, CA). After 150 min, plasma membranes were aspirated onto membrane filters (GF/C; Brandel, Inc., Gaithersburg, MD), soaked overnight in 10% FBS, 0.02 M sucrose, and 0.01 M Tris-HCl, pH 7.4, with a 48-channel cell harvester (Brandel) and rapidly washed five times with 1 ml of ice-cold buffer A. The wash buffer contained the same concentration of the indicated nucleotide as in the incubation condition. IC 50 values were determined. For vinblastine, the total binding was corrected for nonspecific binding measured in the presence of 400 M vinblastine. Unless noted otherwise, values are the mean of triplicate determinations.
Calcein-AM Fluorometry Assay. This was performed as described previously (Tiberghein and Loor, 1996) . LLC-PK1 and L-MDR1 cells were cultured at 100,000 cells/well in phenol-free medium in Costar 96-well plates on day zero. We carried out the inhibitor studies at the K m value of calcein AM for P-gp in L-MDR1 cells [determined to be ϳ1 M (Dr. Ryan Yates, University of Tennessee, personal communication)]. On day 1 medium was removed and the well washed once with 200 l of Hanks' buffered saline (Invitrogen). Hanks' buffered saline (100 l) with or without 2ϫ reverser was added and the cells incubated for 30 min at 37°C. Then, 100 l of Hanks buffer containing calcein-AM (2 M in dimethyl sulfoxide) (Molecular Probes, Eugene OR), was added to reach a final calcein-AM plate concentration of 1 M and the microplates were analyzed with a fluorescence microplate reader (Cytofluor 2350; Millipore, Bedford, MA) with excitation and emission wavelengths set at 485 nm and 530 nm, respectively (calcein excitation, 494 nm; emission, 517 nm). The plate was scanned at 3-min intervals repeated 11 times over 30 min at 25°C. For each drug, simultaneous treatment of LLC-PK1 cells allowed determination of whether there were nonspecific effects of modulators on, for example, calcein fluorescence or esterase activity. Each data point was determined by averaging at least two independent experiments using three wells per cell line per treatment. The data were fitted using a modified form of the Michaelis-Menten equation (Lan et al., 1996) 
where Di is the measured amount of calcein accumulated at the reverser concentration C (inhibitor), whereas Ds and Dr are the amount of calcein accumulation for fully reversed (equivalent to sensitive) cells and resistant cells, respectively. K i is the reverser concentration required for half-reversal of calcein accumulation. The quantity (Ds Ϫ Dr) is the increment in calcein accumulation brought about by the action of a maximal concentration of the reverser.
[ 3 H]Vinblastine Accumulation in LLC-PK1 and L-MDR1 Cells. To assess drug uptake we used a modification of the procedure described previously (Schuetz and Schuetz, 1993; Lan et al., 1996) . Briefly, cultured cells were placed in media containing 2 M 3 H and unlabeled vinblastine in the presence or absence of various concentrations of inhibitor and incubated at 37°C with 5% CO 2 for 1 h. Individual dishes were washed three times with ice-cold phosphatebuffered saline, cells scraped to harvest, resuspended in phosphatebuffered saline, sonicated, and analyzed for radioactivity using a scintillation counter. Each data point was assayed in duplicate and the experiment repeated three times. The K i was calculated using a modified form of the Michaelis-Menten equation (Lan et al., 1996) . Molecular Modeling. The computational molecular modeling studies were carried out using Silicon Graphics Octane and O 2 workstations. Molecular structures were used as SMILES (Simplified Molecular Input Line Entry System) string format (Weininger, 1988) or imported from the ISIS MDDR-3D database (version 2000.2; MDL Information Inc., San Leandro, CA).
Modeling with Catalyst. Briefly, models were constructed using Catalyst version 4.5 (Molecular Simulations, San Diego, CA) after importing the molecular structures (LY molecules shown in Fig. 1 ) used in the in vitro studies and from the literature (Wandell et al., 1999a; Neuhoff et al., 2000) . The three-dimensional molecular structures were generated as described previously for cytochrome P450s (Ekins et al., 1999) . The data from each assay for P-gp inhibition was each treated as follows. For each molecule in either the training or test sets the number of conformers generated using the 'best' functionality for each inhibitor was limited to a maximum number of 255, with an energy range of 20 kcal/mol. Ten hypotheses were generated using these conformers for each of the molecules in the training sets and the IC 50 or K i values, after selection of the following features for the inhibitors: hydrogen bond donor, hydrogen bond acceptor, hydrophobic, and ring aromatic. After assessing all 10 hypotheses generated, the lowest energy cost hypothesis was considered the best as this possessed features representative of all the hypotheses and had the lowest total cost.
The quality of the structure activity correlation between the estimated and observed activity values was estimated by means of an r 2 value. Statistical significance of the retrieved hypothesis was verified by permuting (randomizing) the response variable 10 times (i.e., the activities and structures of the training set compounds were mixed 10 times), so that each value was no longer assigned to the original molecule, and the catalyst hypothesis generation procedure was repeated. The total energy cost of the generated pharmacophores can be calculated from the deviation between the estimated activity and the observed activity, combined with the complexity of the hypothesis (i.e., the number of pharmacophore features). A null hypothesis can also be calculated that presumes that there is no relationship in the data and the experimental activities are normally distributed about their mean. Hence, the greater the difference between the energy cost of the generated hypothesis and the energy cost of the null hypothesis, the less likely it is that the hypothesis reflects a chance correlation.
Validation of the Catalyst Models. The test sets contained molecules with IC 50 or K i values not included in the initial training sets as described previously (common molecules were excluded). These test set molecules were fit by the fast-fit algorithm to the respective catalyst models to predict an IC 50 or K i value as described previously for cytochromes P450 (Ekins et al., 1999) . Fast-fit refers to the method of finding the optimum fit of the substrate to the hypothesis among all the conformers of the molecule without performing an energy minimization on the conformers of the molecule.
Statistical Evaluation of Test Set Predictions. Observed and predicted inhibition data were graphed (data not shown) and fit using Excel 97 (Microsoft, Redmond, WA) to generate an r 2 value. This data was also analyzed using the nonparametric Spearman's Rho test available in JMP 4.0.2 (SAS Institute Inc., Cary, NC). This test represents a correlation coefficient computed on the ranks of the data values and not the values themselves.
Results
To gain an understanding of the binding sites of P-gp, the present study used a computational approach to model in vitro data derived using structurally diverse inhibitors. Inhibition of digoxin transport in Caco-2 cells, vinblastine, and calcein accumulation in P-gp expressing LLC-PK1 (L-MDR-1) cells as well as vinblastine binding in vesicles derived from CEM/VLB100 cells were all assessed because they at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org represent widely used chemical probes and cell systems. The catalyst pharmacophore approach generated models of the position of important ligand features in three-dimensional space that may ultimately relate to features within P-gp. These models were achieved by assessing multiple conformations of each ligand alongside the experimental inhibition data (Ekins et al., 2000) . The result is a computational model that can be used to predict how other molecules might inhibit P-gp solely by providing the structure to the software, which then attempts to fit the numerous conformations of the molecule as close to the centroids of the pharmacophore features as possible. Pharmacophore models built with each data set were tested with the other results individually after omitting molecules that were already in the respective training set. These assessments were used to provide an idea of how well each model ranked external observations. These results were then combined to provide an appreciation of the similarities and differences for the model derived for each substrate probe and in vitro system.
A pharmacophore for inhibition of digoxin transport by P-gp in Caco-2 cells (Fig. 2 ) generated with 27 diverse molecules (Table 1) consisted of four hydrophobes (contiguous set of surface accessible atoms not adjacent to any concentration of charge) and 1 hydrogen bond acceptor (nonbasic amines that have a lone pair, sp or sp2 nitrogens, sp3 oxygens or sulfurs, and sp2 oxygens). This model possessed an observed versus predicted correlation of r 2 ϭ 0.77 for the training set. The total energy cost of this pharmacophore was 127.9 units, considerably lower than the null cost (172.1 units). Randomizing the activity and structures of molecules in the digoxin model 10 times resulted in a lower r 2 value of 0.43 for the training set. The most potent P-gp inhibitor in the model is LY335979, which fits closely to the five features in the model (Fig. 3) . This model was used to predict the inhibitory potential of nineteen molecules with data excluded from the training set (Table 2) . On the whole, these predictions are reasonable if one takes into account that a number of observed values are actually categorized (that is greater or less than a certain value or given as a range of values such as 10 -100 M). The model poorly predicts FK506, colchicine, and PSC833 because the predictions are outside of 1 log unit compared with the experimental value. The digoxin inhibition pharmacophore was further evaluated using a second test set of molecules with known IC 50 data generated for inhibitors of vinblastine binding in vesicles of CEM/VLB 100 ( Table 3 ). The pharmacophore model for inhibition of digoxin transport poorly predicts 4 of 19 molecules (verapamil and LY335979 were excluded because they were included in the training set of the model) using the log unit cut-off criteria. However, on the whole, this model is able to differentiate correctly the best inhibitors for vinblastine binding to P-gp from the poorest inhibitors. When these predictions are analyzed statistically, an r 2 value of 0.93 and a Spearman's Rho coefficient of 0.68 (p ϭ 0.0014) were obtained for the predicted versus observed values. This suggests that the catalyst model produces a statistically significant rank ordering 
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at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org of the test set molecules and that the model has value in predicting this external IC 50 data. A third data set from inhibition of vinblastine accumulation in L-MDR-1 cells was predicted with the digoxin pharmacophore (Table 4) . Seven molecules were predicted outside the log unit cut-off criteria, including ergometrine, dihydroergotamine, ergocornine, ergocristine, ergotamine, dihydroergocristine, and dihydroergocryptine. Besides these poor predictions, the correlation of observed and predicted data resulted in an r 2 value of 0.79 and a Spearman's Rho coefficient of 0.58 (p ϭ 0.017), suggesting statistical significance in this models ability to predict inhibition of vinblastine accumulation. When calcein accumulation was evaluated in L-MDR-1 cells with the same pharmacophore (Table 5) , 12 of 17 molecules were predicted outside the log unit cut-off. Consequently, there was a poor correlation of observed and predicted inhibition as an r 2 value of 0.41 and a nonsignificant Spearman's Rho coefficient of 0.3 (p ϭ 0.24) resulted.
The second P-gp pharmacophore model was generated with the 21 molecules for inhibition of vinblastine binding (Table  3) . The model yielded a pharmacophore with four features: three ring aromatic (five-and six-member aromatic rings) and one hydrophobic feature (Fig. 4) and an observed versus predicted correlation r 2 value of 0.88. The total energy cost of Fig. 2 . The inhibition of digoxin transport P-gp pharmacophore (cyan, hydrophobe; green, hydrogen bond acceptor; arrow, vector). this pharmacophore was 99.5 units, lower than the null cost (137.4 units). Permuting the activity and structures 10 times resulted in a lower mean r 2 value (0.31) for the training set; however, 3 of the 10 hypotheses could not generate a model.
The inhibition of vinblastine binding pharmacophore enabled visualization of important features on likely inhibitors (Fig. 5) . The model predicts the inhibition of digoxin transport data (Table 1) , although alfentanil, fexofenadine, fentanyl, and CP 114416 exceeded the log residual cutoff. Overall, the correlation for the observed versus predicted inhibition of vinblastine binding resulted in an r 2 value of 0.34 and a Spearman's Rho coefficient of 0.70 (p ϭ 0.0001). This represents a statistically significant rank ordering of external data using this pharmacophore. Once again, verapamil and LY335979 were excluded from this evaluation because they were included in the training set. This pharmacophore did not, however, appropriately rank vinblastine accumulation (Table 4) or calcein accumulation data (Table 5) , because seven and eight molecules, respectively, were predicted outside log residual cut-off. The Spearman's Rho rank for the observed versus predicted inhibition data resulted in nonsignificant coefficients of 0.05 and 0.1, respectively (p Ͼ 0.05).
A third P-gp model was generated from 17 inhibitors of vinblastine accumulation in L-MDR-1 cells (Table 4) and suggested a pharmacophore four hydrophobic features and one hydrogen bond acceptor feature (Fig. 6 ). This had an observed versus predicted correlation r 2 ϭ 0.86 and total energy cost of 80 and null cost of 77.1 units. Permuting the activity and structures 10 times resulted in a lower mean r 2 value (0.64). Because LY335979 was not used in the training set, the highest affinity inhibitor, reserpine, was fitted to this pharmacophore (Fig. 7) ; it coincides with all the features. This model was found to predict inhibition of digoxin transport (Table 1) although 11 molecules were predicted outside the log residual cut-off. An r 2 value of 0.22 and Spearman's Rho coefficient for observed versus predicted inhibition of vinblastine accumulation of 0.46 (p Ͻ 0.018) was obtained. This pharmacophore did not, however, significantly rank the data for inhibition of vinblastine binding to plasma vesicles of CEM/VLB 100 cells (Table 3) as the Spearman's Rho coefficient was 0.24 (p Ͼ 0.05).
A fourth P-gp model was generated from 18 inhibitors of calcein accumulation in L-MDR-1 cells (Table 5) and suggested a pharmacophore 2 hydrophobic features, one hydrogen bond acceptor, and 1 hydrogen bond donor feature (Fig.  8) . This model possessed a correlation of observed and predicted inhibition with an r 2 value of 0.76 and total energy cost of 86.5 and null cost of 86.9 units. Permuting the activity and structures 10 times resulted in a lower mean r 2 value (0.56). The highest affinity inhibitor, bromocriptine, was fitted to this pharmacophore (Fig. 9 ) and found to coincide with all the pharmacophore features. This model was found to predict inhibition of digoxin transport (Table 1) , although 15 molecules were predicted outside the log unit cut-off. The Spearman's Rho for observed versus predicted values resulted in a coefficient of 0.59 (p Ͻ 0.0011). This pharmacophore did not significantly rank the data for inhibition of vinblastine binding to plasma vesicles of CEM/VLB 100 cells (Table 3) because the Spearman Rho coefficient was 0.32 (p Ͼ 0.05). The vinblastine accumulation data was not used with this calcein model because it contained identical molecules.
Discussion
In recent years, the complexity of transport by and modulation of P-gp has been described by many groups (Borgnia et al., 1996; Chiba et al., 1996; Klopman et al., 1997; Wiese, 1997, 1998a,b; Salem et al., 1998; Tmej et al., 1998; Bakken and Jurs, 2000) . This complexity alone suggests that it would be a very difficult target for computational modeling. Traditionally, these models for P-gp inhibition were based around large numbers of structurally similar analogs known to be inhibitors, such as phenothiazones (Pajeva and Wiese, 1997) , propafenone inhibitors (Pajeva and Wiese, 1998b) , or diverse inhibitors of its ATPase activity (Osterberg and Norinder, 2000) . To date, computational modeling of P-gp integrating its proposed multiple binding sites has not been described. In the present study, using structurally divergent P-gp inhibitors and probe P-gp substrates, we have been able to generate four distinct 3D-QSAR models that contain hydrogen bond acceptors, hydrogen bond donors, hydrophobes, and ring aromatic features. Some models seem to rank-order the data in the other sets, possibly indicating partial overlap for the binding sites probed by digoxin and vinblastine. Mod- Fig. 3 . LY335979 fast fit to the inhibition of digoxin transport P-gp pharmacophore (cyan, hydrophobe; green, hydrogen bond acceptor; arrow, vector).
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at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org els using data for inhibition of vinblastine accumulation and vinblastine binding in different systems do not predict each other completely. The vinblastine binding or digoxin transport models do not rank calcein accumulation data to a statistically significant extent. These different results may be indicative of some of the caveats of each respective in vitro system in that the assays for accumulation of substrates (vinblastine and calcein) involve the inhibitors crossing the membrane of the LLC-PK1 cells and then presumably binding at unspecified sites within the cells. This is mechanistically different from inhibition of vinblastine binding to plasma vesicles of CEM/VLB 100 cells because the inhibitors are required solely to interfere with binding. The data derived with calcein and LLC-PK1 cells may also indicate that it is binding a separate site; however, the pharmacophore built with calcein data is able to rank the digoxin transport data, possibly suggesting some degree of overlap.
The catalyst model built with 27 inhibitors of digoxin transport by P-gp seems to represent the most useful predictive model for both molecules known to inhibit digoxin transport or vinblastine binding. This model contains one of the most potent inhibitors of P-gp previously reported, LY335979 [IC 50 , 0.059 M (Dantzig et al., 1996) ], which fits well to the model (Fig. 3) indicative that this may have potential in designing molecules with similar or greater affinity that fit this pharmacophore. In the case of the vinblastine inhibition pharmacophore, this was less predictive for the digoxin data as judged by the r 2 value; however, the Spearman's Rho coefficient suggested that both models are equivalent (0.68 and 0.70) at ranking the compounds in the other training set. The vinblastine and calcein accumulation pharmacophores seem to be less valuable at predicting the other data sets based on the Spearman's Rho ranking statistics, the small energy difference between null and final pharmacophores, and the slight change in this value after permuting. Overall, this lesser success with these two models may be a consequence of the limited structural diversity of these two training sets, producing pharmacophores that explain less of the P-gp binding site(s). Therefore, to some extent, the four catalyst models produced in this study allow visualization of the inhibitors and their respective fit that may correspond to regions on the P-gp protein. Such computational models can be clearly applied to order compounds for P-gp inhibition and may have utility in future drug design, although clearly those models based on more molecule classes have a greater success in this regard. Although a number of data sets for P-gp inhibition exist, few 3D-QSAR computational models have been published relating to diverse inhibitors of P-gp. Moreover, to our knowledge, no study has used such a structurally diverse training set of inhibitors for a single site of P-gp.
When these four models are assessed together, the features possessed by all models seem to agree with the previous publications in terms of the importance of hydrogen bonding and hydrophobicity (Osterberg and Norinder, 2000) . Indeed, our models all contain at least one hydrophobic feature that could represent aliphatic or aromatic hydrophobes. The initial P-gp pharmacophore suggested in 1989 (Pearce et al., 1989) consisting of aromatic rings and a basic nitrogen atom can be extended by the pharmacophores described in this present study. In all cases based on this present study, the pharmacophores for P-gp inhibitors would seem to be quite large.
In conclusion, the cocorrelations for vinblastine binding and digoxin transport by P-gp at the very least suggest they share or represent the same binding site. It is likely that the calcein binding site also partially overlaps with these same molecules because the model derived from this data was able to rank the inhibition of digoxin transport by P-gp data. However, the poor correlation observed between models for inhibition of vinblastine binding to plasma vesicles of CEM/ VLB 100 cells and vinblastine accumulation in LLC-PK1 cells is probably a result of the differing complexities of each in vitro system rather than a reflection of separate sites being involved in binding and transport of this P-gp substrate. We may have defined pharmacophores for what could be interpreted as multiple regions within the same binding site of P-gp as probed by the particular substrates. This hypothesis is based on each pharmacophore being slightly different in its feature content, angles, and distances. However, these differences may also be related to the structural diversity of 
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at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org molecules in each training set and the use of IC 50 values in most cases, which presents certain caveats in the interpretation of this data. Naturally, K i values relate more closely to competitive inhibitors and a true binding affinity for P-gp and would be the ideal measure for generating such models, the cross-predictivity of most data sets in this study provides us with a means of model validation between IC 50 and K i . Future studies incorporating additional P-gp probes may de- at ASPET Journals on November 7, 2017 molpharm.aspetjournals.org Downloaded from fine other binding sites or aid in the generation of more detailed pharmacophores described in this study. In addition, the enhancement and availability of detailed P-gp pharmacophore models may prove valuable for both drug discovery and screening.
